Abstract-Accurate pre-clinical study reporting requires validated processing tools to increase data reproducibility within and between laboratories. Segmentation of rodent brain from non-brain tissue is an important first step in preclinical imaging pipelines for which well validated tools are still under development. The current study aims to clarify the best approach to automatic brain extraction for studies in the immature rat. Skull stripping modules from AFNI, PCNN-3D, and RATS software packages were assessed for their ability to accurately segment brain from non-brain by comparison to manual segmentation. Comparison was performed using Dice coefficient of similarity. Results showed that the RATS package outperformed the others by including a lower percentage of false positive, non-brain voxels in the brain mask. However, AFNI resulted in a lower percentage of false negative voxels. Although the automatic approaches for brain segmentation significantly facilitate the data stream process, the current study findings suggest that the task of rodent brain segmentation from T2 weighted MRI needs to be accompanied by a supervised quality control step when developmental brain imaging studies were targeted.
I. INTRODUCTION
Magnetic resonance imaging (MRI) represents an important intersection of engineering and medical science that has led to important discoveries in the fields of neuroscience and biology. MRI continues to be a major modality in both clinical and pre-clinical settings, most notably due to its high spatial resolution, and varied contrast mechanisms for probing tissue microstructure and function. However, its use as an indirect readout of cellular activity and its relatively low temporal resolution compared to other modalities are potential limitations in the proper interpretation of MRI data [1] , [2] . Anatomical imaging of brain using MRI has been cited amongst the most accurate techniques to detect structural abnormalities that arise in the diseased brain [3] - [9] . The accuracy of image analysis pipelines for functional MRI (fMRI) as well as Diffusion Weighted Imaging (DWI) and associated next level interpretations in the form of connectivity networks [10] - [14] , are primarily dependent on a basic step in segmenting the acquired image volume to brain and non-brain tissues to generate a brain-specific mask. Significant advances have been made toward automating this process of brain extraction in the clinical research arena with neuroimaging [15] , [16] , Freesurfer [17] , FSL [18] , and SPM [19] . Previous studies have reported the existence of both randomized and systematic bias in brain segmentation tasks via automatic routines within the variety of software packages [20] - [22] , with the bias depending on the demographic characteristics of the population in which brain segmentation is performed. Far less progress has been made toward the development of automated brain extraction algorithms that can cope with the more rectangular shape of the rodent brain. However, there are some significant exceptions [23] - [25] which we utilize in the current study.
Fast and accurate delineation of brain from non-brain structures is required to enhance the reproducibility and speed of preclinical image analysis and this will ultimately benefit preclinical drug trial data acquisition as well as basic research. The gold standard solution to extract brain masks from high resolution imaging data in preclinical studies has been largely limited to manual segmentation, a tedious and time-consuming process. The current study aims to assess the reliability and accuracy of existing, publicly available rodent brain extraction techniques for structural MRI data obtained from the developmentally immature rat. The selection criteria for inclusion of techniques into the study were constrained to software being publicly available to the research community, and performing the brain extraction task in a fully unsupervised fashion. The skull stripping program from AFNI [26] , optimized for rat brain, a neural network based approach [23] , and the RATS package [27] were selected and studied for their ability to estimate brain masks from T2-weighted, MRI volumetric data acquired from post-natal day 23 rat pups and requiring minimal operator intervention to perform the task. Herein we report on the selected unsupervised routines for rodent brain extraction along with a manual segmentation protocol used as the gold standard, present the statistical comparison of the estimated mask volumes, and provide suggestions for possible future directions.
II. METHODS
T2-weighted, anatomical imaging data were acquired from 23-day-old, Sprague-Dawley rat pups (n=41) using a Bruker Biospin 7.0 Tesla spectrometer with the following sequence parameters: Figure 1 . Study protocol in estimating the brain masks via manual (reference) estimation compared with automatic approaches. T2-weighted anatomical scan of 41 Sprague-Dawley rat pups were acquired on post-natal day 23. Image preprocessing stage included nonparametric non-uniform correction for the existence of inhomogeneity in B1 magnetic field. Manual estimation of brain was guided by visual localization of an anterior landmark (olfactory bulb) and a posterior landmark (brainstem) (*This landmark is mostly found to be located on the posterior end of olfactory bulb in rodent imaging studies). Preprocessed MRI volumes were also subjected to brain segmentation via automatic approaches (AFNI, PCNN-3D, and RATS). Group mean volumetric mask were constructed and color coded as a representation of segmentation output across the study population.
Rapid Acquisition with Relaxation Enhancement (RARE) recording method, RARE factor 8, Single repetition single echo with TE/TR of 14/6021 ms, 180° flip angle. All image volumes were corrected for bias field due to inhomogeneity in the B1 field using a nonparametric, non-uniform normalization retrospective algorithm [28] , as shown in Figure  1 .
A. Manual Reference Brain Segmentation
Reference brain mask construction was manually performed for all subjects by an operator who has been previously trained on a large and diverse population for brain masking task [S.S.] No specific subject order was considered. Manual segmentations were performed over the time course of two months imposing no time limitation for the completion of the process. Anterior landmarks used for outlining the brain include the olfactory bulb (when available in the MRI field of view) as well as the brain stem in the ventral posterior part of the brain.
B. Automatic Brain Segmentation
Preprocessed T2-weighted image volumes of all animals were also subjected to automatic brain mask construction using software packages developed and optimized for rodent brain extraction tasks. A set of default parameters were chosen when required by the routines, but no manual intervention was used in the acquisition of the brain masks. The AFNI routine for skull stripping (3dSkullStrip) with the "-rat" option [26] , MATLAB (www.mathworks.com) based implementation of pulse coupled neural network (PCNN-3D) with preset rat brain size [23] , and layered optimal graph image segmentation of multiple objects and surfaces (LOGISMOS) from the RATS package [25] [27] were evaluated for their performance in automatic segmentation of developing rat brain from nonbrain tissues.
D. Standard Space Registration
All acquired brain volumetric masks from either manuallyoutlined reference or automatic estimation protocols, explained in sections B and C, were warped to an in-house developed rat brain template using FSL tool "flirt" [29] , [30] applying the registration matrix with six degree of freedom derived from warping the brain-extracted anatomical image volumes.
E. Reliability Analysis of Automatic Tools
Group-wide reliability assessment of brain volumetric masks generated via automatic routines (section C) was performed by calculating the Dice Coefficient of Similarity ( " ), as followed
where ( is the animal subjects' reference segmented brain volumetric mask, and " represents the associated volumetric mask from the automatic approaches (AFNI, PCNN-3D, and RATS software packages). |. | represents the number of embedded voxels in a volume and ∩ presents the intersection symbol. The percentage of false positive and false negative voxels were calculated assuming the manually-drawn, reference estimation as the ground truth. Figure 1 . shows a three-dimensional rendering of the mean volumetric masks from the segmented brains, calculated using manual and automatic segmentation approaches. Visual inspection of the masks compared to the reference manual mask highlighted an existing inaccuracy in the proper segmentation of the brain tissue that varied depending on the automatic routine used. Pair-wise inspection of the outer edge of the group mean volumetric masks created from the manual and automatic approaches provided evidence of location dependency of segmentation errors, as shown in Figure 2 by the superimposed mask outlines. The AFNI routine showed greater deficits in segmenting the brain tissues over the posterior brain regions, especially in the brainstem, while the PCNN-3D method showed poor performance in anterior brain regions ( Figure 2 ). This indicates that there is a brain regional dependency on pipeline performance for rodent brain segmentation which requires further investigation.
III. RESULTS AND DISCUSSION
When the methods were compared using the Dice coefficient of similarity, the RATS method outperformed the other two automatic approaches, reporting a larger Dice coefficient of similarity ( ± , 0.91 ± 0.05) compared to 0.89 ± 0.03 and 0.81 ± 0.05, respectively for AFNI and PCNN-3D routines. Figure. 3 shows the distributions of Dice coefficient of similarity, percentage of false positive and percentage of false negatives in brain segmentation following automatic approaches.
RATS also outperformed the other software packages in terms of the number of false positive voxels (4.96 ± 3.32), when compared to AFNI (11.48 ± 5.28) and PCNN-3D (16.55 ± 3.32). In terms of percentage of false negative in brain segmentation, However, AFNI produced a lower quantity of false negative, brain segmented voxels (10.11 ± 4.89) whereas RATS (13.28 ± 8.08) and PCNN-3D (19.86 ± 8.25) were found to miss larger numbers of brain voxels. Although the automatic approaches for brain segmentation significantly enhance the speed of the data analysis pipeline, the findings in the current study suggest that the task of brain segmentation from T2-weighted MRI requires supervised quality control when developing brains are being studied.
IV. CONCLUSION
Fully automated pipelines (AFNI, PCNN3D, RATS) for the rodent brain extraction task in pre-clinical imaging studies were evaluated. Findings suggested that the task requires a set level of quality control and visual inspection.
